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ABSTRACT

Making Space for Unquantifiable Data:
Hand-Drawn Data Visualization
by
Eva Sibinga

Advisor: Ellie Frymire
This project makes space for personal “data” around labor and care, prompting users to
consider the concrete and abstract (quantifiable and unquantifiable) forms labor and care take in
their lives. The interactive, subjective data visualization uses hand-drawn visual elements to
foreground that data about care and human interaction will always be ambiguous and complex, that
they may never be satisfactorily or universally quantified, and that they will always be out of reach
of perfect categorization.
The project provides an alternative to prescriptive truth-telling with data. Instead of using a
dataset to provide data-driven answers and insights to users, the interactive and illustrative nature
of this project encourages users to reflect on their own experiences of the topic and consider the
value of universal data-driven statements.
The project can be viewed at https://esibinga.github.io/capstone/. The code repository is
publicly available at https://github.com/esibinga/capstone.
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Tell all the truth but tell it slant — (1263)
Tell all the truth but tell it slant —
Success in Circuit lies
Too bright for our infirm Delight
The Truth's superb surprise
As Lightning to the Children eased
With explanation kind
The Truth must dazzle gradually
Or every man be blind —

Emily Dickinson
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Introduction
The initial goal for this project was to explore digital avenues for bringing watercolor
aesthetics to data visualization, making use of the medium’s strong visual cues towards abstraction
over representation and soft edges over strict boundaries. I wanted to contribute new aesthetic
strategies to the existing graphical language for visualizing data about abstract, complex, unstable,
or uncertain ideas—like identities and the many measurable and immeasurable data points that
build them, for example. I was inspired by the idea that inherently “messy,” ambiguous, or
uncertain data can, and maybe should, be visualized in a medium that upholds and centers
uncertainty, rather than trying to hide, smooth over, or “fix" it.
The final project may appear to have strayed from that initial intention: there are no wispy,
translucent edges, no pigments bleeding into each other, and no organic blob shapes to replace
clean lines, as I originally envisioned. However, the final visualization is the product of the
“watercolor line of thought.” This visualization makes space for critical thought about abstract and
concrete ways of knowing the world. It prompts the user to consider the challenges and
shortcomings of creating and visualizing data that reveals an authentic truth about a complicated
concept. It takes an inherently messy concept and responds not with an attempted solution, a
universal truth, or even a simplification, but with attention to the clarity that can come from
considering one individual experience and inviting the experiences of others.

Project Framework
This project is the theoretical product of data humanism and data feminism. I’ve been
working towards it since my first semester, probably my first week, in the program, and a few ideas
ring the loudest for me. Among the first was Johanna Drucker’s data humanist call that “data is
capta, taken not given.” With that simple but revolutionary starting point, my belief in the
1

mythology of data viz as an oracle for truth began to crumble. Data, even really good data, is
limited. It reflects (and defines, reifies) the parameters we input. It cannot spring from nowhere,
and the canon of available data reflects both what we value and the methods we have created for
assessing and measuring that value.
With this skepticism in mind, I have felt freer to disagree with a dataset, to question where
it comes from and to ask whose values and experiences it reflects. On that note, Caroline Criado
Perez’s book Invisible Women was a notable read for me, a long and varied explanation of the ways
in which continued inattention to women-specific data collection leads to a real and true lack of
understanding and information about women. We have generally captured the data that a maledominated society values, and used it further build out a world in the image of men. To build a
world in the image of women requires specifically advocating for them to be remembered and
measured and counted. It also requires methods of valuing and quantifying their contributions.
Another revolutionary point for me was dismantling the idea that any one system of data
collection and dissemination could speak to a universal truth about anyone. Donna Haraway’s “god
trick”—seeing everything from nowhere—has been an appropriate jab at objectivity for the last
three decades. Haraway instead foregrounds “situated knowledge”1 as the alternative to false
objectivity. “Situatedness” is perhaps the most important data framework for understanding the
value of my project—one so situated as to have a “dataset” made up from amorphous personal
experience.
Catherine D’Ignazio and Lauren Klein follow up on the trap of false objectivity with
practical recommendations and best practices for data collection, analysis, and visualization in
Data Feminism. They coin the unfortunately relevant term Big Dick Data to describe data projects
“characterized by masculinist, totalizing fantasies of world domination as enacted through data
capture and analysis. Big Dick Data projects ignore context, fetishize size, and inflate their
2

technical and scientific capabilities.”2 A couple years ago, I certainly bought in to the idea that
more data was generally better, and that the more data points we have on something, the better we
will be able to describe it. I might have been appalled at the idea that I’d finish my M.S. with a
capstone project that uses 23 homemade data points. How could that possibly tell the truth?
But, in its situated way, this visualization does tell the truth for me. And I hope it tells
another truth for someone else who looks at it and interacts with it, too. It feels prudent here to
follow D’Ignazio and Klein’s recommendation for feminist data principles to consider context—“to
better understand any functional limitations of the data and any associated ethical obligations, as
well as how the power and privilege that contributed to their making may be obscuring the truth.”3
On that note: the illustrations, this data viz, reflect my life and my experiences as a woman.
They represent realities that have brought me anger, sadness, heartache, and frustration along with
the joy, tenderness, community, and deep contentment that comes with sharing in labor and care
for and from others. It’s only my life I can reflect here, but I hope to do it in a way that is 1.
obviously not meant to speak universally or definitionally and 2. an open prompt for others to join
me in reflection if they wish.
Most recently, I have been inspired by Giorgia Lupi’s bold, dense, hand drawn
visualizations, which I feel accomplish at least the second part extremely well. They defy all the
convenience-energy of a sleek scrollytelling article or of insights delivered neatly packaged. The
point of Lupi’s work is often to understand by looking closer, doing the work to translate from
symbolic language to abstract comprehension.4 It takes time and effort to do this. It is not at all like
the instant gratification of a trend line or a datafied pattern. This technique is, as Johanna Drucker
says of humanistic methods in general, “performative rather than declarative.”5 The audience learns
by making the connections, not by being given the takeaway. This is, at least, my hope for the
project.
3

Process
The final form of this project could not have been conceived at the outset—it took a
roundabout way to arrive at its current user-driven, semi-handmade visualization. The initial
challenge I set myself, the goal for the whole project, was to bring more of the visual language of
watercolors into the aesthetics of a data visualization. I wanted to utilize the inherent lack of
distinctions and boundaries in watercolors to make compelling visualizations with indistinct,
ambiguous, or boundary-defying data.
My first step was to play around with the aesthetic qualities of watercolors. I did this in an
analog way using traditional watercolor paper, paint, and brushes (fig. 1). I experimented with
aesthetic properties like color, shape, and placement, as well as physical properties like gravity,
capillary action, water to pigment ratio, and more. Some techniques created visuals that felt ripe

Figure 1 - Watercolor experimentation
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with representative or symbolic potential: (1) a change from “messy” real world data to sanitized
visualizations/analysis; (4) increasing mixing / decreasing boundary-ness; (10) ambiguity /
complexity within a single point or group; (11) cycles of meaning / tautology; (14, 15) not-quiteseparate categories; (17) change / decay over time; (24) and networked chaos.
After this experimentation, I began to think about the watercolor qualities that I wished to
replicate digitally. A few stood out for their obvious symbolic use in data visualizations: the
blending of colors, the variation in opacity and wateriness, the organic and irregular shapes. I saw
great potential for these aesthetic qualities to represent, respectively, ambiguous distinction
between categories, varying degrees of certainty, and an inherent human perspective of making
data (sometimes called margin of error, sometimes not) that can be lost in perfect regular polygons.
To translate these goals to a digital format, I explored P5.js, a coding language intended in
part specifically for design experimentation. I tried to recreate digitally the things that had drawn
me to watercolors (fig. 2). This proved challenging, although enjoyable—after creating gradients,
blob shapes, and transparencies, I thought I could see a potential path forward for digital

Figure 2 - Organic, semi-random shapes, gradient fills, and transparency overlays in p5.js
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watercolors, and I decided to return to d3.js to begin working with data.
With d3.js, my first task was to find a dataset: d3 stands for data driven documents, after all.
The watercolor idea was first inspired by uncertainty in statistics about gender, so I began with that
in mind. After some digging, I found myself drawn to a dataset from the Organization for
Economic Co-operation and Development (OECD) that aims to quantify paid and unpaid labor
done by men and women. This dataset is one part of the Gender subset of OECD’s data on Social
Protection and Well-being.6
I realized that the dataset spoke to me in part because I had read about unpaid work in
Caroline Criado Perez’s Invisible Women (mentioned in the previous section). I still haven’t
finished Invisible Women because, for all that I find it fascinating and informative, I also end up
feeling angry and upset every time I read it. Perez’s thesis, the line she returns to again and again,
is that there we frequently cannot draw data-driven conclusions about women’s lives in the way
that we do about men’s, or “people but actually men”, because the data simply doesn’t exist.
There’s a gender data gap that leaves a lot of blank space when it comes to how women spend their
time, how their bodies function or change or fail, how they are represented in societies, and so
much more.
And indeed, there are big blank spots in the OECD dataset. It includes almost exclusively
OECD member countries, which means this isn’t really global data, but 33 countries mostly in
Europe and North America. South Africa and Australia are the only countries represented from the
continents of Africa, Australia/Oceania, and South America, which collectively contain over 1.85
billion people. While that lack of global data is frustrating, it also served as a reminder to me that
the lack of data is its own data point. I took this forward with me as I focused on the difficulty of
collecting data on unpaid, often-uncounted labor.
I visualized the OECD data in two different ways. The first was a straightforward,
6

“standard” visualization that quickly became not the point. That visualization is a scatterplot that
plots paid labor against unpaid labor; there’s a perfect delineation around three hours of unpaid
labor per day: a maximum for men and a minimum for women (fig. 3). The plot was not that
surprising, and I indeed found myself a bit disappointed by my own lack of emotional response to a
topic I know I care about. Why would an audience want to look at the graph if even I did not?

Figure 3 - Standard d3.js scatterplot - paid and unpaid labor

My dissatisfaction with the first plot prompted me to create a fully analog interpretation of
the same data, one totally unconcerned with accuracy in anything but a personal sense. This
7

interpretive data visualization led me to the centerpiece of the project: an interactive “scatterplot”
of hand-drawn icons placed on imprecise scales from abstract to concrete (fig. 4). The axes plot
care and labor running from concrete, measurable actions—the kind of thing represented in the
OECD metadata, like child and elder care, cooking, cleaning, fetching water7—to abstract, obscure,
or immeasurable forms. This second group includes things we do for one another that don’t always
or necessarily feel like labor, or are not often recognized as forms of care—for example, the act of
remembering a significant date or picking up the phone when called—but which end up being
hugely significant to our experiences of each other and often hugely gendered as well.

Figure 4 - Interpretive, hand-drawn scatterplot

The goal was for this visualization to prompt users to engage on a personal and critical level
with a challenging, abstract topic. Ironically, I ended up going for literal representations of care and
labor actions, although one of my original goals was to better represent abstraction. I think one
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value of the final result is in the situatedness of these literal representations, though: that is, instead
of being asked to imagine “labor” or “care” as abstract concepts, the viewer is instead prompted to
consider laundry, shopping, scheduling, etc. as potential forms of labor and care.
There are already plenty of visualizations, including the first scatterplot I made, that can
inform users on discrepancies in labor statistics between men and women. There is data on the paid
and unpaid labor men and women do each day, at least in some countries, and at least some forms
of labor. OECD is a widely cited resource on global gender statistics, and an important and
growing body of data and knowledge. In the end, though, it inspired me most in what it cannot
capture. While some data is better than no data—and it’s impossible to expect that we should have
robust, high-quality data without robust infrastructure, funding, and values to fuel it yet—the
OECD dataset leaves a lot to be desired. One thing I attempted to do with my visualization of
abstract care and labor was to address (ideologically, since unfortunately I cannot do it practically
by producing better data) some of the shortcomings I saw.
A major challenge of the OECD data, and a barrier to audience connection, is the countrylevel scale of the dataset. It’s interesting to compare work habits between countries, but at that
level of granularity, it’s hard to continue any substantive discussion. The dataset’s breadth fails to
account for regional, religious, or even lifestyle differences. The data collection must encompass
forms of labor that bridge cultural differences, and with this wide breadth, it doesn’t do much to
inspire individuals to reflect on their own experiences.
Another challenge of the dataset is that the thing to be measured varies immensely in its
measurability. Is “cooking” the same thing when a woman does it to put dinner on the table for her
family each weeknight and when a man makes osso buco on the weekend because he wants to
challenge himself to something new? (I can’t find the answer to this, but I think it’s yes.) Does
unpaid labor include reading to children, even if that is a parent’s favorite part of the day? (This
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answer seems definitely to be yes.) Does unpaid labor include all of the executive functioning
skills, and time spent developing them, that make a household run smoothly and provide a safe and
stable environment for children? (I can’t find information from OECD on this, but I suspect the
answer is no.)8 While I cannot change the OECD dataset, I found it to be a fruitful starting place for
my own visualization. I wanted to prompt users to think critically on the topic, more than I wanted
them to walk away with a statistic. The OECD dataset made me wonder “How is unpaid labor
defined? Is a distinction drawn between care and labor? At what point does care become labor?
Does the circumstance change how the action is perceived and measured?” Knowing that the
answers don’t exist in a static, universal sense, I wanted rather to pass on those questions to
viewers. In this case, insight doesn’t necessarily mean having the answers, but it certainly includes
asking the questions.
I kept asking myself “What counts as ‘unpaid labor’?” Who makes that definition, and how
could they ever hope to get it right? The OECD definition of unpaid care and domestic work is “all
non-market, unpaid activities carried out in households – including both direct care of persons,
such as children or elderly, and indirect care, such as cooking, cleaning or fetching water.”9 But
even the idea of “cleaning,” obviously a form of care, is complicated when I consider it terms of
care and labor in my own life. I frequently clean up after myself and others, and that sometimes
feels like a form of care, until it feels like a form of labor. Often, it’s labor in ways that can hardly
be quantified: if I was already going upstairs, but I brought a couple books and a sweatshirt up with
me to tidy up the living room, does that count as “cleaning time”?
Beyond that, to me, the labor there doesn’t really feel like bringing the sweatshirt with me.
It feels like seeing it in the first place and remembering to take it with me when I go upstairs. And
that’s not a momentary bit of work, or even a decision on my part to engage in work. It’s a fairly
constant state of attention, and I see it as one result of about the quarter century in which I’ve been
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socialized as a woman. I walk into a room, and if there’s clutter, I see clutter. If I have any
responsibility for the clutter, if I have any bandwidth left for it, I’ll pretty much always clear it up.
The term “man-look” refers flippantly to a cursory glance accompanied by a call for help:
e.g. opening the fridge and saying “I can’t find the ketchup,” so that someone else will come move
the bottles out of the way to produce the ketchup. In a classic scenario, it’s a man opening the
fridge and a woman actually finding the ketchup. Personally, I find it genuinely humorous and
inoffensive, and I know that everyone might man-look instead of actually looking. #notallmen, we
know.
But in a more serious light, the term gets at a difference in perception of the world that
impacts our actions. The man-look is a more obvious example in which the labor of seeing and
finding is diverted from one source to another. The clutter example from above is more ambiguous:
seeing clutter in the first place opens the door to another form of labor—clearing it away—that’s
just not there for those who don’t see it. (Or those who see it but feel no responsibility, no sense of
shame or un-virtue, or that a messy home reflects slatternly tendencies.)
This is all to say that I was skeptical of the OECD dataset simply stating minutes spent in
paid and unpaid labor. I made it into a scatterplot using d3 (fig. 1), thinking I would add watercolor
elements to visually signify the potential ambiguity, to complicate and provide some food for
thought on these numbers.
And instead, after the barebones scatterplot was done, I began drawing, by hand, the ways
in which labor and care overlap in my life. Some of them I knew were included in the OECD
categorization of unpaid labor: cooking, cleaning, laundry, food preparation and preservation,
childcare, elder care. There were actions I didn’t include that also apply: labor that is common on a
global scale, but which doesn’t exist as necessary household tasks in my life, like fetching water,
processing grain, or making clothing. Other tasks I am almost positive do not count as “unpaid
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labor” in the OECD methodology: how would one measure the act of remembering to take out the
trash on trash night, or finding lost items for someone else, or ensuring that activity scheduling
allows everyone in a family to be home for dinner on Wednesdays? And yet, these actions take
effort, and they’re forms of both care and labor.
The list of actions in the scatterplot comes from my life. The icons are handmade and
specifically representative because they reflect my life, and my relationship to this topic. (Stop me
if you’ve heard this one before, but the personal is political.) They represent some of the ways in
which I see care and labor performed around me. Some of these things I find easier to measure or
quantify as labor and care, so they sit on the “concrete” end of the scale. Other actions feel only
obliquely or abstractly like labor and care, so they sit on the “abstract” end. It is the opposite of an
objective data visualization, being drawn so specifically from my experiences. But it’s made so that
it can reflect your life, too. You can drag the icons to place them where on the arbitrary scale from
concrete-to-abstract you think they belong, and soon you’ll be able to request missing icons.
It’s okay with me if users disagree with the visualization; in fact, I expect them to. What
feels like labor is different depending on how we feel about the task, how others respond to it, how
we are compensated or valued, and so much more. The visualization is made to be personalized
and customized, to provide a space for viewers to consider the labor and care in their own lives. It’s
a tool for reflection, not an oracle.
In my mind, the future of this project includes an aspect of data collection as well: users
will have the option to submit the coordinates of their graphs (once they move icons to reflect their
opinions and experiences) to build a reflexive, cumulative graph on the site. There will be one chart
for individual experiences in which the user drags the icons wherever they want, and one built from
those cumulative experiences. Another future component I’d love to create is the ability for users to
apply some of the principles of watercolors (transparency and blurred edges, for example) to the
12

SVG icons on the hand drawn scatterplot to further customize the graph: for example, users would
be able to fade individual icons into the background to decrease visual emphasis on actions that are
less relevant for them.

Project Components
The workhorse of the final project is the SVG. The culminating visualization was produced
using d3.js and an Observable notebook as the coding framework. One important library is d3.drag,
which allows the icons to be moved by the user after their initial placements.
The icons were first drawn by hand using pen and paper, then scanned in at high resolution
(fig. 5). I used Adobe Photoshop to efficiently select each drawing as its own object, using the
Object Selection tool to recognize the edges of individual drawings and their accompanying text. I

Figure 5 - Hand drawn scatterplot of labor/care actions, first iteration
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Figure 6 - Black and white, then colored SVG icons

copied and pasted each object into Adobe Illustrator, where I could use the (magical) tool Image
Trace to vectorize each image. That is, once I set the parameters to suit the type of drawing (it took
a few tries, as you can see (fig. 7)), Illustrator can
recognize pen-drawn lines and turn them into
vectors, leaving the white of the page transparent.
The end result can be saved as an SVG and read
programmatically as a text-file path, not an image.
It’s therefore scalable to any size and relatively tiny
in file size compared to an image of similar quality.

Figure 7 - Figuring out the Image Trace tool
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I repeated this process for each icon, and then finally, I used a stylus and trackpad to color
the SVG line drawings in Illustrator (fig. 6). I chose a limited color palette to keep the design
unified across the 23 icons, and finally, I checked the icons against the background color (fig. 8).

Figure 8 - Finished icons with background color

The more intimidating step turned out to be getting each SVG to show up in my d3.js
scatterplot. It was very straightforward to mock-up the chart with circles, and relatively
straightforward to make the SVGs. Combining the two proved the biggest technical challenge of
the project. Each SVG icon is read in not as an image but as a path—a string of code that literally
maps the shape and color of every stroke of the SVG. The major troubleshooting hurdle was
15

correctly exporting the SVGs so that they didn’t take on the same CSS properties and end up all
colored in according to the palette of one icon, after which there was smooth SVG sailing.

Conclusion
In the end, I am a little self-conscious of the subjective, data-less nature of this project. It
ended up a commentary on the ambiguous and unquantifiable, rather than a marrying of
quantification and ambiguity. In some sense, I feel I’ve failed the initial goal of the project, having
not produced a data-driven visualization that looks like a watercolor painting. I cannot deny that I
feel there is a sense of legitimacy to having data to back up a visualization, that I am much less
comfortable with the value of my project as an art piece or a visual commentary.
But that is, in part, exactly what I’m trying to avoid, and exactly what the project aims to
center. The lack of data is a challenge, one we constantly seek to disguise or fix. What if, instead or
in addition, we make space for what will always be ambiguous and complex, what can never be
satisfactorily or universally quantified, and what will always be out of reach of categorization. We
can still seek to reveal truth through the input and output of “data viz”, and, at least in this case, not
only see our lives and ourselves visualized, but participate in their authentic representation.
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